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Uncertainty versus Error
Uncertainty: A potential deficiency in any phase or activity
of a modeling process that is due to lack of knowledge.

Aleatory (irreducible) Uncertainty
Epistemic (reducible) Uncertainty

Error: A recognizable deficiency in any phase or activity
of modeling and simulation that is not due to lack of knowledge.

Sources of Uncertainty: Initial and Boundary Conditions,
Thermo-physical/Structural Properties, Geometric Roughness,
Interaction Forces, Background Noise, ...
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Objective of Uncertainty Quantification

» Introduce error bars into numerical simulations.

» Understand the propagation of uncertainty in a dynamical
system.
» Assessment of the stochastic response.
m Desired statistics.
m Reliability analysis.
m Sensitivity analysis.
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Uncertainty Quantification for Predictive

Modeling of Complex Systems

» Vision - Transform our ability to uncertainty quantification, model
verification, validation and calibration of complex systems

» Outcomes - Provide fundamental understanding to enable

Safe and efficient Better prediction

remediation and of climate

CO2 _ w changes

sequestration

strategies

Better o

understand the Better prediction

ice sheet and control of

dynamics and its power system

interaction with sta.b|l|.ty and
reliability

climate




Outline:

Uncertainty Quantification Algorithms — generalized Polynomial
Chaos

Open Issues of Uncertainty Quantification Algorithms
Subsurface Uncertainty Quantification Application

Algorithms and Climate Application for Optimal Parameter Estimation
(Model Calibration)

Summary
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Generalized Polynomial Chaos - gPC

I(x.:0) = ST, (x. ) (&)

j=0

* Polynomials of random variable &(®)

* Orthogonality : (@@ ) =(®})s, Continuous Cases

ij Polynomials Distribution of
_ Hermite Gaussian
(t@2®) = [f@2EW(E)dE Hernite | Soussie
_ Jacobi Beta
(/©2®)= 3 /E)2EME) Tocobl | Bere
* Weight function determines underlying Discrete Cases
random variable (not necessarily Gaussian) Polynomials Distribution of
: Charlier Poisson
* Complete basis from Askey scheme Krawtchwouk Binomial

. . Meixner Negative binomial
* Each seft of basis converges in L2 sense | Hahn Hypergeometric

Xiu & Karniadakis SIAM J. Sci. Comput. 24(2) (2002) W/

Pacific Northwest
NATIONAL LABORATORY




Implementation of gPC method

L(z,u; &) = f(=x)

> Galerkin Projection:

Q PC expansion: ©u = era|=0 UaPoy

0 Residual: R(¢) = L(x, Zfa|=0 Uada) — f(2)

0 Deterministic system of u,: | E[R(§)¢3(§)] =0, |B] < p

> Collocation Projection:

d Interpolation operator: {é(i)}f;v:gl a set of grid points in parameter space.

0 Deterministic system on grid points{ L (x, u; f(i)) = f(x)

3 Choices of grid points: full tensor products of Gauss quadrature points — O

(NV); sparse grids — O(Nlog(N)"-)

o
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Computational Speed-Up

Lucor & Karniadakis, Generalized Polynomial Chaos and Random Oscillators
Int. J. Num. Meth. Eng., vol. 60, 2004

PDF Error Monte- GPC: Speed-Up
(mean) Carlo: M (P+1)
Gaussian 2% 350 56 6.25
0.8% 2,150 120 18
0.2% 33,200 220 151
Uniform 0.2% 13,000 10 1,300
0.018% 1,580,000 20 79,000
0.001% 610,000,000 | 35 17,430,000

o
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Advantage of gPC

© Fast convergence due to spectral expansion.

& Efficiency due to orthogonality.

Ou L (u-Vyu = —Vp+v(l+8)V3u
Veu = 0
Kovasznay Flow: o
10— ]
u = 1—ecos 27y e
— A AT ) E 107 \\\\\a\\ \\\\e\\\
v o= s-e’sin2rw : ~_ ~_
2 “F ™ 3
N — R(32(£) B ( Re4(£) 4 471')1/2 10 - ~3
b —&—Mean of u \\:
S random variable of Beta(1.1). 10! —oo . . ]
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Limitations of gPC

& Ineflicient for problems with low regularity in the parametric space.

=) May diverge for long-time integrations.

al -Orszag three- - 0.25 : :
Kraichnan-Orszag three-mode model: —— MC: 1,000,000
== GPC: p=30 , 2
/ 0.2 f -
dY-
T = YoYs
© 0.15
. 2 =Y1Ys 5
@©
dY- > 01y
T2 = —2YaY3
. .. 0.05¢
| random 1ntial conditions.
00
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Open Issues

1 Parametric Discontinuities/Bifurcations
< Multi-Element generalized Polynomial Chaos (ME-gPC)

» Multi-Element PCM (ME-PCM)
2 High-Dimensions

< Sparse Grids

<« ME-PCM with ANOVA

<+Sensitivity Analysis based UQ method
3 Scalability on Exascale Platforms

< Multilevel Parallelism for UQ at the Exascale
< Stochastic Mutigrid Method

4 Uncertainty Quantification in Random Composites
< Combine random domain decomposition with multi-

element probabilistic collocation method \%’7/
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Open Issue 1: Parametric Discontinuities/Bifurcations
- Multi-Element Probabilistic Collocation Method

(ME-PCM)
> Decompose ] into non-overlapping elements B/i’ B, B,
> Define Ay = Y 1(B") B B,
> Define new random variable 7 : Ax — B on the restricted space "
. X
(Ag, F N A, P(-|Ak) with conditional POF p(x|Ax) = p(2)
P(Ay)

> Numerically reconstruct local polynomial chaos basis on
each element, orthogonal with respect to p

> Perform PCM on each element. No CV requirement on
boundaries (measure 0).

N,
u(xz,y) =Y Ipiug(e,y)liyepy Ve e D, Vyel § : |
1=l a1 6 i

choose spatial discretization method :




Moments convergence rate of ME-PCM

Theorem  Suppose f € WmHL(T) and let {Bi}i\gl be a nonoverlapping mesh of I'. Let
h indicate the mazimum side length of each element and QY. a quadrature rule with degree

of exactness m in domain I'. The following error estimate holds:

Ne
/ fl@)de =Y QN f| < ChH™ || Erllmt1,00,0| flimt1,00,1
I =1

where C'is a constant and |Ep||my1.01 denotes the norm of the error functional of Q,I;z

EA(g)ng(x)dx—Qﬁg, and [|EAllkoc,a = sup  |Ea(g)|

1gllk,00,4 <1

o
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Open Issues

1 Parametric Discontinuities/Bifurcations
< Multi-Element generalized Polynomial Chaos (ME-gPC)

» Multi-Element PCM (ME-PCM)
2 High-Dimensions

< Sparse Grids

<« ME-PCM with ANOVA

<+Sensitivity Analysis based UQ method
3 Scalability on Exascale Platforms

< Multilevel Parallelism for UQ at the Exascale
< Stochastic Mutigrid Method

4 Uncertainty Quantification in Random Composites

< Combine random domain decomposition with multi-

~

element probabilistic collocation method %

Pacific NorthWest
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Open Issue 2: Curse of Dimensionality — UQ Algorithms
Development

» Sparse Grids for Moderate High

DimenSionaI PrObIem Computational work required for error tolerance 10 va. Dimenzion
= A — S— ' ¥ ' ' }
» Combine Multi-Element Probabilistic ’ T ’
Collocation Method with ANOVA for |
High Dimensional Problem 210t
5 || 7
» Sensitivity-Based UQ Method for High : !
Dimensional Problem # ——w
Most-Sensitivity Parameter Set: High- [/ D eroh oxmae
Order UQ Algorithms l = MEPGM sparoe gride
Least-Sensitivity Parameter Set: 0 W @ W w0 W w7

Scalable UQ Algorithms

...................................

Sensitive \
\
Large | Stochastic _ 15 eter Set Obtain Statistical
Uncertainty | Sensitivity Properties for
Parameter Set Analysis Output Variables
N Least-sensitive P
’

Parameter Set

Pacific Northwest
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Open Issue 2: Curse of Dimensionality — Multi-Element

Probabilistic Collocation Method (ME-PCM)

Choice of N-dimensional approximation operator: Im‘

tensor product

0 Tensor product Lagrangian interpolation H f f f f f Hﬁ
+4+ 4+ +
] ] +4+ 4+ + + + 4+ +
interpolation orders +4+ 4+ + o+
“\ r ++ 4+ + + A
P . ,
Dpn(@v) =37 @) - bn(v) SRR
-771,:1_1: ﬂlt t +4+ + + + + + + ++#
+4+ 4+ + + + 4+
interpolation points Hitiiiriied
O Smolyak sparse grid approximation (Smolyak, 1963) sparse

ot @ + % b +@
o o @ e &
: +

“(v) = E “Y.q! 1D interp. rule in dimension i .
Vj(v) U(ym) A P GH+e+ + + & + + + D+

m=1 +
+ +

+
® & @ e &
B . i N —1 Vit & VZ,N“: — e
Spi(s) = (=1) : (Vi@ @ V) \za?//

s—N+1<]i|<s s — [i

Pacific Northwest
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Open Issue 2: Curse of Dimensionality — Extension:
MEPCM-A for higher-dimensional problems

Using ANOVA-type decompositions: based on the hierarchical decomposition of a
multidimensional function into combinations of functions of subgroups of its
dimensions (Hoeffding 1948):

I.f(xy,x2,...,xN) =

Ly fo + Z It () + Z Ly firge (g1, @5) +

j1.(v=1) J1<j2,(r=2)

Ji.J2 ]3 133) + - 'Iﬂfjl-_-'ujN(:l?ju T il?jN)
31<J2<J3@§

: order of approximation in each dimension

. dimension of each sub-problem %

Pacific Northwest
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MEPCM-A convergence studies
2D Stochastic elliptic problem with 50D random input

) 1
Error in mean of HO norm
107 — : :

e Random input: random process
w/Gaussian covariance kernel

e 50 -dimensional K-L input, 2
spatial dimensions

e MEPCM-A first two dimensions
discretized

e Gauss-Legendre grids in each
element

1 1.2 1.4 1.6 1.8 2 2.2 2.4 2.6 2.8 3



10

10

Number of points

10

10

10

MEPCM-A: high dimensional integration

The GENZ function fg (DISCONTINUOUS) is defined as:

0, ifry > wy or 19 > wy
fo(x) =

exp Y ,_, ¢ir;,  otherwise

Computational work required for error tolerance 10~* vs. Dimension

| I I
I o o o
A A 7

o ¢

* Coefficients chosen to
decay exponentially

o « MEPCM/MEPCM-A

meshes adapted to

discontinuities

* MEPCM-A, tensor

Gauss-Legendre grids

* MEPCM sparse -

Smolyak Clenshaw Curtis

—&—MC « PCM/PCM-A methods

—6— MEPCM-A do not
.-.0 -+ MEPCM-A (extrapolated) 0 not converge (sparse

—6— MEPCM tensor product grids 1 or tensor product)
—&— MEPCM sparse grids

oL
L\

1 ! I ! ! ! Pacific Northwest
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—
or

L, error of 5(AL)/e

107

20

L, Error of Sparse Grid and Adaptive ANOVA
Method

Mach number 8, correlation length 0.1, roughness length 1,
nominal dimension 12, effective dimension 6, = 3. Error
of standard deviation of extra lift (left) and drag (right).

_ -
5 Lvl 1 Sparse
-1

p . 10 3 Lvl 2 Sparse
Lvl 1 Sparse 3 i
i Lvl 2 Sparse ° -

o
i f+f, +f © 107 F
i ‘ - -
1+f1.1+f2.1+f31 i f]+f|J+f,‘,_l+f3_l
i ] ] ] 1 [ s Raaal FNE 103 ] | | | [N BN REaa FNE
200 400 200 400
Number of Points Number of Points
Yang, Minseok, Lin, Karniadakis, JCP. 2011 " NATIONAL LABORATORY




Stochastic Sensitivity Analysis

Motivation:

@ Rank all inputs and parameters in order of their significance
to output variation

® Reduce dimension of parametric space in experiments or
simulations

Sensitivity Algorithms:

® Approximated Gradient Method
Morris, QMC, MC, Multi-Element Sparse Collocation

, 0 _0 .0 0 .0 0y , .0 .0 e 1=1-
EE/(5°.... x") = ‘yj(xl,xz,..,ai_l.xj +A,x7 x)) =y, (Va0 Input X .1 d
P X X A Output y; : j=1:n

Lin & Karniadakis, AIAA-2008-1073, 2008; IJINME 2009 Pacific Northwest
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X, e Morris method
- 1 "
y v S (Morris, 1991)
1 £ £ /A B Objective : efficiently identify sensitive
}2/ A parameters in system with many parameters
2 / . :
3 /’/ /' ~~ - Divide range of uncertainty factor
1 / / e into equally spaced grid of p level,
3 // » A { p Ap ;2/3 then compute incremental ratios:
SN > X, Xi > X tA;A=p/2(p-1)
0 1 2 1
Computatignal cc>3st: O(r x d) Compute Elementary Effect (EE)
from randomized trajectories:
A' : 1 1 2/3 0 0O
B =lJ. x+lZl2B=J v J P |13 1 2/31 . 100
( d+1,1 (2j[( d+1,d)D d+1,d]) , B e 7 0 y B 10
1/3 1/3 0 111

Perform NN realizations of EE, [EE, 1),EE,,....EE; ] at NN different initial points
X, , ..., Xy @and then calculate mean (first-order effects) and standard deviation
(coupling and nonlinear effects)

Lin & Karniadakis, AIAA-2008-1073, 2008; IJINME 2009 Pacific Northwest
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23

Monte Carlo Sampling Method Collocation Method

Objective : efficiently identify sensitive parameters in system with many
parameters without generating randomized trajectories

Cost of MC Sampling : O( NNxd ) Cost of Collocation : O( Ncixd )

Calculate mean (first-order effects) and standard deviation (coupling and
nonlinear effects) of EE; [EE 4).EE,),....EE;yy)] at NN initial points for each 7 input

o

Lin & Karniadakis, AIAA-2008-1073, 2008; IINME 2009 Pacific Northwest
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Mean Error

10"

Convergence Study of Stochastic Sensitivity Methods

Mean error = ;
|Eea:t [dz”

, O error =

y = 63e**1 — 70372 4 15273

|Enum [dg] — Eext [dg”

|0'num(dg) - Uea:t(dg”
|0'ext(d‘g)|

—a—— Morris Method

——e&—— Monte Carlo
——&—— Sparse Collocation
NP
@
‘\.\'\‘ —A

\

L

——

ul RN | — 1111 ol Lol Ll

10° 10° 10°

# of Collocation Points

10’ 10°

10"

107

10°

o Error

107

10°

10"

Lin & Karniadakis, ATAA-2008-1073, 2008;

———— Morris Method
——e—— Monte Carlo
Sparse Collocation

\

B —e /

ol RN | Ll L1
10’ 10° 10° 10°* 10°

# of Collocation Points
X
Pacific Northwest
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Open Issues

1 Parametric Discontinuities/Bifurcations
< Multi-Element generalized Polynomial Chaos (ME-gPC)

» Multi-Element PCM (ME-PCM)
2 High-Dimensions

< Sparse Grids
< ME-PCM with ANOVA

<+Sensitivity Analysis based UQ method
3 Scalability on Exascale Platforms

< Multilevel Parallelism for UQ at the Exascale
< Stochastic Mutigrid Method

4 Uncertainty Quantification in Random Composites
< Combine random domain decomposition with multi-

element probabilistic collocation method W/

Pacific NorthWest
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Open Issue 3: Exascale Challenge - Scalable UQ Algorithm Design at the Exascale

ic Head(FreshWater)m

Dimensionality Uncertainty

reduction (K-L) Propagation
Fast Algorithms: Pz‘:zl;‘oorg:!l g;?:os o SDeCtl'th\fl‘)od
FMM, FGT | MEGPC, MEPCM | ement me
C Parallel Parallel Stochastic Parallel Deterministic __, ~Random
puts > Eigensolver Solver —> Solver Dutput:

Uncertainty Quantification

» Multilevel Parallelism for UQ at the exascale:
- Upper level — Loosely coupled UQ

- Lower level — Tightly coupled UQ Loosely Coupled UQ
' 4 TCUQ { TCUg TCUQ  HTCUR
Toug { TCUQ - TCug | HTCUg
Teug J TCug - Tcug  lrocug

$ 59
$$$|

_I Tightly Coupled UQ
59 %

Pacific Northwest
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Uncertainty Quantification with Minimum

Dimension
Reduction of
Random Fields:
Karhunen-Loeve
Decomposition

Speed up Stochastic
Simulations for Fast
Convergence :
Probabilistic
Collocation Methods
on Sparse Grids

Reduce
Communicate
Cost: Multilevel
Parallelism using
Processor Groups

Computational Cost

34 iles

| Hanford Reach
National Monument

Provide Error Bar for
Subsurface Flow and
Reactive Transport

Saddle Mountain
National Wildlife Refuge

Wahluke Wildlife |
Recreational Area
/
T
1 1

Hanford Site o n 3000 Area
1,517 km? -
(586 mi?)

Kennewick g asco

G01020114_21.e

Confidence Bounds

and Risk Assessment

for Decision Makers



Uncertainty Quantification of 3D Subsurface Flow in the Hanford 300
Area (Hydraulic Conductivity is a random field)

ic Head(FreshWater),m

Mean of Aqueous Saturation

otal 317 Collocation points
- running 10 tasks/PG on 32
PG on 4096 nodes

RY



Open Issues

1 Parametric Discontinuities/Bifurcations
< Multi-Element generalized Polynomial Chaos (ME-gPC)

» Multi-Element PCM (ME-PCM)
2 High-Dimensions

< Sparse Grids
< ME-PCM with ANOVA

<+Sensitivity Analysis based UQ method
3 Scalability on Exascale Platforms

< Multilevel Parallelism for UQ at the Exascale
< Stochastic Mutigrid Method

4 Uncertainty Quantification in Random Composites
< Combine random domain decomposition with multi-

element probabilistic collocation method \%’7/

Pacific NorthWest
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Motivation:

) Flow in heterogeneous porous
Field Scale media. (Darcy flow)

158.378
151.892
145.405 -
138.919 ~
132.432
150000 125946
119.459 Mesoscale
112.973
106.486
1400 - - 100 I

Pore Scale

Multiphase flow and transport in
complex fractures.
(Navier-Stokes flow)

: : (¢
Microscopic Scale \ -

110000

Molecular Scale

!
570000
560000 X

Hydraulic Head Mean

100000

Multilayer heterogeneous %

porous media

Pacific Northwest
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Stochastic collocation method on sparse grids for flow
and transport in randomly heterogeneous porous media

Governing Equations
V* - k(X5 w) VIR (X; w)] = 0,
%f: + V*- (v* - C*) = V* - (D}V*CH) = V* - [(D;, + o™ [0*)V*C],
subject to initial and boundary conditions:

h*(X*) = H(xX*), X" eTlp,
OC*(X*, t*; w)

*k k

T — 0, x* e D*,
OC™ (X*, t*;

(8 - w) =0, X" eI},

>

G. Lin, A. Tartakovsky, Advance in Water Resources, 2009: G. Lin, A. Tartakovsky,, Pacific Northwest
Journal of Scientific Computing, 2010 NATIONAL LABORATORY




Open Issue 4: highly heterogeneous random composites - Combining
Random Domain Decomposition & Probabilistic Collocation Method for
Random Composites

Random composites with two dominant scales of uncertainty:
» Large-scale uncertainty in the spatial arrangement of materials
» Small-scale uncertainty in the parameters within each material

Joint Probability Density Function

pr(k,v) = pr(k|v)pr(7),

<h(x) >= [ [nGck,dkdy = [ [ 0k, )pCely)pr () dkdy,

— / < h(X)|y > pr(vy)dy,

Q
= < h(X)|ag > wqg.
q=1

Along the random boundary «,

oh oh
h|:1:=a_ = h|x=a+’ K'<X)£|:c:a_ — K’(X)%’x=a+' \g/

Pacific Northwest
NATIONAL LABORATORY
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Analytical Solution for One-Dimensional Random Contact Point Problem
Consider a one-dimensional differential equation,

d dh(x)
— | K = 1
rr@SE | <0 eeo
subject to the boundary conditions
dh
K%(a:—()) —q, hzr=1)=0

Ki(z), 0<z< a,

The random coefficient K(x) is given by
K
(@) {Kg(a:), a<z<l

Mean, < h >= [p < hla > pr(a)de,

h
where SHEZ = H(a —2)[§o2 + 121 + H(z — a)

Variance, oi(z) =< h? > — < h >2, where
< h? >= Ip < h2|a > pr(a)da and

<h2|Oé> (TY Py, (51— 52) 2(a—2)(1 — @)
2 = H(a—x)[—/ e spdsp + 55

. / / UYQPYQ(SI 2) 4 dSQ]—I—H(a:—a) / / UYQIDYQ(SI 52) 5 Ldso
Linetal., JCP, 2010




Boundary and initial conditions for 1D Random contact point & inclusion:

a=U(2.7,3.3)

\" oC _

= k2 =1,9¢ =0 | _
f ox ox : h—O,%—O

Along the random boundary «,

oh Oh
hlx:a_ - h’|x=a+7 ’i(x)%k{;:a_ — F';(x)%kg:a"‘
__0h _ 4 0C _ f A 0C __
f——ka—m—l,%—o ! h—O,%—O
Along the random boundary o + 1,
Oh Oh
h|x:(a:|:1)— — h|m=(a:i:1)+’ H(X)almZ(ail)_ = K(X)£|m=(ail)+'
InitialCondition :
5 ‘
(z — o) 7
C(x,0) = exp( 5 ) Pacific Northwest
NATIONAL LABORATORY

Lin et al.. JCP_ 2010 205




<h>

1D Random contact point: The effect of correlation lengths of
hydraulic conductivity on the mean and std of the hydraulic
head for 1D random contact point problem.

Mean of Head Std of Head
The boundary location o between two different ‘??//
porous meidas is subject to Uniform distribu- p_.iic northwest

NATIONAL LABORATORY

tion Lin et al.. JCP. 2010




<h>

1D Random Inclusion: The effect of correlation lengths of
hydraulic conductivity on the mean and std of the hydraulic head
for 1D random contact point problem.

=9, .=

[ JEEEN

o w

=1, .=

5,1,,=0.1
0.2
0.15
=
0
0.1
0.05
B R Sy : 0
X
Mean of Head Std of Head
The boundary location o between two different ‘??/

porous meidas is subject to Uniform distribu- pacific Northwest

NATIONAL LABORATORY

tion Linetal., JCP.2010




Uncertainty Quantification and Optimal
Parameters Estimation in Convective
Cloud scheme in Climate Model

»Ben Yang’?, Yun Qian?, Guang Lin?, Ruby Leung® and
Yaocun Zhang'

p-1.Nanjing University, Nanjing, China
P2 Pacific Northwest National Laboratory, WA, USA

—
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» Five Parameters

Downdraft Rate
Entrainment Rate

CAPE Consumption Time
TKE for Shallow Convection
Starting Height of Downdraft

» Observational Constrain
(UW) Daily 1/8-

GPCP daily degree gridded

precipitation meteorological data
(Maurer et al., 2002)

» Analysis
Impact of Optimization on Different grid spacing
(25km vs.12km)

Pacific Northwest
NATIONAL LABORATORY



_ Physical scheme
uncertainty Parameter values

Model < Unresolved physical processes

» Models are always tuned towards the mean of observation

» A climate model’s result depends nonlinearly to the combined
changes in model parameters

» Parameter’s errors may compensate with another parameter’s
errors

Pacific Northwest
NATIONAL LABORATORY



Objective

» Quantifying the uncertainty and deriving optimal
parameters used in cloud convection scheme in climate
model

» Studying sensitivity of other physic processes and
simulations to the parameters in cloud convection scheme

Pacific Northwest
NATIONAL LABORATORY



Outline

» Optimize Method & Experiment Design
» Results
» Conclusion

» Next Step

o

Pacific Northwest
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Optimized method & Experiment

Design

» Optimized Method
» Selected Parameters
» Model Configurations
» Observational Data

o

Pacific Northwest
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Optimized Method

|dentify a range of parameter sets that enable
model predictions to be bounded within
observational uncertainties

» Grid Search (straightforward method, Sen and Stoffa, 1996)
» Gibbs Sampler (Metropolis algorithm, Metropolis et al., 1953)
» Very Fast Simulated Annealing (VFSA, Ingber, 1989)

» Multiple VESA (MVFSA, Jackson et al., 2008)

Pacific Northwest
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VFSA (Jackson et al, J. Climate, 2004)

4 )

k+1 k max min y, €[-11]
m _mi+yi(mi - m,; ) m =m, =m,
\_ J

y. = Sign(Random - 0.5)T, [(1+ Ti)”a"dom-” ~1]

k

T, =T,exp[-a(k-1)"""]

~7

Pacific Northwest
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VFSA

(Jackson et al, J. Climate, 2004)

E(m) :Evaluation Cost
P(m) :Probability Density

N different sets of observation

E(m) = ZN{, @ Q g(m)];

Observation  Simulation covariance Matrix

o

Pacific Northwest
AAAAAAAAAAAAAAAAAA
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VFSA

(Jackson et al, J. Climate, 2004)

Start at m” and a given temperature T
Evaluate E(m")

g

Optimization method

Metropolis

Draw a numberQ <y <1
from a white distribution

VFSA ¢

Is the number of perturbations| NO

< moves/temperature?

ves|

¥

Lower temperature, T

Draw a number 0 <y(T) =1 from a Cauchy
distribution which is temperature, T, dependent

-

Compute new model components

m™= me y(m™ - ™)

Y

Evaluate E(m™)

Y

YES

mi= o le—E2_lIs AE=E(m™) - E(m°) < 0?

NO

Accept m™"with a
probability exp(-AE/T)

J

Y

YES Has m°changed in previous niargei perturbations?

/

est
RATORY



Optimized method & Experiment

Design

» Optimized Method
» Selected Parameters
» Model Configurations
» Observational Data

o

Pacific Northwest
NATIONAL LABORATORY



Selected Parameters

Weather Research and Forecasting Model (WRF3.2)
New Kain-Fritsch Cumulus scheme

[llustration of Cumulus Processes

- —

© =y detrainment

~

s
/

)

( updraft \J

\ compensating
j | subsidence

Pacific Northwest
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Selected Parameters

Parameter Default Minimum  Maximum Description

coefficient about downdraft
Pd 0 -1 1 mass flux rate

coefficient about Entrainment
Pe 0 -1 1 mass flux rate

maximum TKE in sub-cloud
Pt 5 3 12 layer (m? s2)

starting height of downdraft
Ph 150 50 350 above cloud base (hPa)

average consumption time of
Pc 2700 900 7200 CAPE (s)

Pacific Northwest
NATIONAL LABORATORY



Optimized method & Experiment

Design

» Optimized Method
» Selected Parameters
» Model Configurations
» Observational Data

o
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Model Configuration

South Great Plain (25°N-44°N, 112°W-90°W)
Simulation period: May 1 to July 1, 2007
Analysis: June 2007
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Optimized method & Experiment

Design

» Optimized Method
» Selected Parameters
» Model Configurations
» Observational Data

o
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Observational Data 1

» For Initial and Boundary Condition of WRF

NARR Reanalysis data (32km-resolution, 3-hour interval)

» For Observational Constrain
UW 1/8-degree gridded meteorological data: Daily Precipitation

(Maurer et al., 2002)

i, j: index of horizontal grid

[, _g(m)]z) ([*J*K) «k: index of day

7
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Observational Data 2

» For Result Analysis
UW 1/8-degree gridded meteorological data:

Daily precipitation (mm/day), maximum and minimum temperature (C), and wind speed (m/s)

NARR Reanalysis data

E<m>=(§j§j d,p, - g} | 1% K)

Cm) = (Z 5C1d,... 5 /K

m)

E q;agfi? g;( est
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Simulation Results

» Best model configuration

» Optimal parameters

» Sensitivity of other variables to tuned cloud parameters

» Dependence of Optimization on model gird spacing

o
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Optimal parameters
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Optimal parameters

Pd Pe Pt Ph Pc EM EC
Default 0 0 5 150 2700 137 0.3
Optimal EM 0.89 -0.91 8.54 292 4615 74 0.34
Optimal EM&EC 0.57 -0.72 8.9 321 3597 79 0.36
Precipitation in June 2007
Default Optimal EM
. S mm day”’
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Dependence of Optimization on model grid spacing

(25km vs. 12km)

Total Precipitation in June 2007
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Summary - Discussion

@ MEgPC & ME-PCM methods improve the convergence of gPC
significantly for low regularity problems through adaptive hp-convergence.

@ Sensitivity Analysis can help identify the most important
parameters and suggest possible experiments.

@ Sensitivity Analysis based methods, MEPCM-A & PCM-RDD improve the
capability of solving high-dimensional stochastic problem.

®MEgPC, ME-PCM, MEPCM-A & PCM-RDD have been applied to solve
complex high-dimensional stochastic PDE systems, such as random
roughness problem & flow and transport in random porous media.

@ MVFSA method can determine the optimal parameters in convective
cloud scheme and qualify the sensitivity of simulated precipitation to those

parameters.
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Algorithms, Analysis and Applications for High
Dimensional Stochastic PDE Systems at the Exascale

“...Because I had worked in the closest possible ways with

physicists and engineers, I knew that our data can never be precise...”

Norbert Wiener
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